Abstract: Soil organic matter, comprising ∼58% soil organic carbon (SOC), is attributed with increased water holding capacity in the surface horizon of agricultural soil. This paper addresses the role of SOC as a component of a common functional unit in soil from analysis within a single field and over multiple fields. Soil data measured on the fields during the SMAPVEX12 satellite prelaunch algorithm development campaign exhibited high correlation among SOC, field-mean soil water content (SWC), bulk density, and soil texture. The analysis extended over a wide range of soil texture and wetness in the top 5 cm of soil over 50 agricultural fields covering ∼400 km 2 of southern Manitoba. Data collected over a much smaller area from Ontario silt loam soils at the Elora Research Centre demonstrated a similar correlation between SOC and SWC in intensive field sampling. This intercorrelation of SOC and SWC is examined with partial least-squares regression, principal component analysis, and geostatistical semivariograms. A model is proposed to interpret the feedback process between SOC and SWC to explain the persistent correlation. Further work to substantiate the strengths and limits of the relationship between SOC and SWC may be beneficial for estimating SWC for remote sensing, agriculture, hydrology, and ecosystem function.
Introduction
Predicting field-mean soil water content (SWC) is an important element for global meteorology and for management of predicted extremes of climate in agriculture and hydrology. Soil organic carbon (SOC) is known to influence SWC in agriculture (Dao 1993; Franzluebbers 2002) and to add an additional element to SWC variability in hydrological models (Vereecken et al. 1989; Rawls et al. 2003) . In hydrological modelling, SWC is estimated primarily from soil texture and bulk density where SOC in soil is low (Zacharias and Wessolek 2007; Pollacco 2008) or when the major effect of SOC is on porosity (Pollacco 2008) . When multiple linear regression is applied to determine factors influencing SWC variation, sand or clay represents the major proportion of variability, with SOC improving the regression by a small increment, dependent on SWC range (Rawls et al. 2003) . SOC is most often considered in regression of SWC in dry conditions where the variability (coefficient of variation) in SWC is greatest and more difficult to assign to specific variables (Gijsman et al. 2003) .
The high correlation of soil variables found in the field measurements during SMAPVEX12 soil moisture sampling campaign in Manitoba 2012 suggests that the relationship between the soil variables goes beyond specific linear relationships between individual variables. Studies on field data (Dao 1993) and soil cores (Franzluebbers 2002) suggest that the relationship between SOC and SWC exists within soil aggregates. Aggregates are developed from accumulating soil organic matter (SOM) molecules (which are composed of ∼58% SOC) and soil mineral particles as perceived in Tisdall and Oades (1982) and Abiven et al. (2009) . The building of soil aggregates is a major factor in the size, number, shape, and connectivity of pore spaces (Strudley et al. 2008; Undawatta et al. 2008) . SOM molecules have a large impact on porosity from the complexity of the molecule that provides many ionic binding sites for soil water (Schulten and Schnitzer 1997) and also presents a high surface area for water retention (Bachman et al. 2008) .
It is possible that the high correlation among SOC, aggregates, and mean SWC observed in different soils and locations (Dao 1993; Franzluebbers 2002 ) is a reflection of the amount of water that soil aggregates can hold in relation to SOC content. As demonstrated by Hudson (1994) and Rawls et al. (2003) , a direct linear relationship between water holding capacity of soil and SOC exists across all soil textural classes and in a wide range of locations throughout the USA with varying wetness and temperature. Previous studies suggesting that SOC was not a major issue may reflect methods of SOM measurement: added compost or peat that is not truly bound within stable aggregates, differences in bulk density with high organic matter, very low organic matter soils, a range of variability and multicollinearity confounding the statistical interpretation, and interaction with soil texture (Hudson 1994) .
It is relatively straightforward to associate SOC levels with water holding capacity of soils following gravity drainage in agricultural soils (Hudson 1994; Rawls et al. 2003 ) from aggregate and pore size (Franzluebbers 2002) . However, it is not as obvious to understand the persistent long-term relationship among SOC, texture, and time-averaged SWC, which would include feedback between the variables. The SOC is also associated with changes in hydrophilic versus hydrophobic attractions to water on the surface of aggregates (Bachmann et al. 2008) . Increased hydrophobicity from SOC within aggregates is proposed to regulate water entry into pores (Schulten and Schnitzer 1997; Bachmann et al. 2008) . The distribution of water within aggregates may be a link in the "regulatory gate hypothesis", whereby a first step in mineralization of aggregates depends on oxidation and enzyme reactions (Kemmitt et al. 2008) . Thus, SOC increases not only the size, number, and continuity of pores (Strudley et al. 2008 ) but also their ability to transmit and "hold" water without substantially increasing carbon mineralization as well. The SOC alone has been attributed with the ability to improve the structure of soil and subsequently to improve rainfall infiltration and water retention on the soil surface (Dao 1993; Azooze and Arshad 1996; Strudley et al. 2008) . The improved soil structure may relate to the increases in SOC observed following conversion to no-till (NT) systems (e.g., Ismail et al. 1994; Yoo and Wander 2006) and with improved quality of carbon inputs through cropping systems and surface management (Gaudin et al. 2015) .
A feedback effect of SWC on SOC may be influenced by soil texture which is a greater factor on the amount of water retained in soil when considered over longer time intervals, such as seasons or years and large spatial scales (>10 km). Soil texture affects the type of bonding in aggregates (Hassink 1997) such as clay ion bonds that are most resistant to decomposition (Kladivko et al. 1986) . Over large spatial scales, soil texture is the primary factor associated with SWC in multiple field studies (Kim and Stricker 1996; Jawson and Nieman 2007) . In agricultural fields and lab studies, the size of particles directly affects the ability of water to adhere to surfaces, to transmit water gravimetrically, and to enable capillary rise where an optimum size range exists for hygroscopic adhesion (Hillel 1998) . These characteristics are captured in the soil water characteristic curves, which relate SWC to the tension with which water is held in soils (matric potential) (Hillel 1998; Tuller and Or 2004) . Rawls et al. (2003) established new water retention curves to take into account changes in SWC from SOC. On larger distance scales, such as a watershed, the dominant effect of soil texture on drainage would also have a strong impact on the balance of carbon over time (in the absence of topographical change). Available water influences plant growth and thus carbon return to soil through roots and litter and is also a factor in the rate of mineralization of SOM at the same time.
The feedback between SOC and time-averaged SWC may be dominant in the soil surface (<6 cm) and unique compared to analysis in soil to depth. The surface layer is the most active area of decomposition in soil and for response of SOM to surface management, particularly with NT (Dao 1993; Franzluebbers 2002) . To achieve comparable data for SOC change analysis, Kay et al. (1997) proposed to evaluate SOC in the A horizon (<10 cm) where SOC is most responsive to agricultural management (Deen and Kataki 2003; Munkholm et al. 2013; Yong et al. 2013 ).
There is discussion over the relative importance of soil physical variables in the explanation of SWC variability (Crow et al. 2012) , in the amount of variables that it is best to include (McBratney et al. 2002; Dexter et al. 2008 ) and on the environmental conditions that may affect the regression equation (Kim and Barros 2002; Jawson and Nieman 2007; Joshi and Mohanty 2010) . In an effort to understand what soil physical property variable(s) is (are) best to use for calibration of SWC ground sensors (Rowlandson et al. 2013; Ojo et al. 2015) or to enter into remote-sensing algorithms to interpret the soil dielectric constant (Mladenova et al. 2014; Manns et al. 2015) , it would be helpful to know the amount of variance that is expressed equally by all variables (same r value between any pairwise combinations) separately from the amount to which individual variables express unique variability in specific environmental conditions. The objective of this paper is to analyze the relationships among soil physical variables and in particular to assess the role of SOC as related to surface SWC when averaged over multiple fields and sampling times. The SMAPVEX12 field campaign in southern Manitoba provided data on measured SWC and soil physical variables (SOC, bulk density, sand, clay) over three major soil textural classifications on 16 sampling dates from very wet to very dry, encompassing fields from early growth to mature grain crops. The relationship of SWC to SOC in an intensively sampled field in Ontario silt loam soils without crop cover at sampling time was also presented for comparison of scale. A model is proposed to comprehend the feedback between SOC and average SWC in relation to soil texture when assessed over a time span accounting for wetting, drying, and equilibration of soil to existing conditions.
Methods

SMAPVEX12 field sampling campaign
The prelaunch algorithm development field sampling campaign for the SMAP satellite was held June-July, 2012 in southern Manitoba enabling simultaneous measurement of SWC by remote sensing aboard aircraft and by impedance probe and soil cores in the field. The sampling site included 55 agricultural cropland fields surrounding Elm Creek (98°23″W, 49°40.48″N), with a range of soil texture from sand to clay in level topography. Soils were primarily Willow crest series in the order Chernozem in the sandier soils to the west, Osborne Clay in Regosol Humic Gleysols in the east, characteristic of the Red River valley, and gleyed black soils such as Graysville near Carman (Michalyna et al. 1988 ) as detailed in . Fields were managed primarily in grain cropping and crop growth spanned the 6-wk study from seedling to harvest stage.
Volumetric SWC was measured on the ground with Stevens Hydra Probe II Soil Sensors (Stevens Water Monitoring Systems Inc., Portland) at 16 sample points on each field to a depth of the probe length (∼5.7 cm) Rowlandson et al. 2013 ). Withinfield calibration of the Hydra Probe to field-averaged bulk density obtained the highest measurement accuracy (lowest RMSE), although calibration was tested over all fields with core-sampled bulk density and within soil textural groups according to the soil survey (see Rowlandson et al. 2013 for complete details). The ground sampling SWC was applied to resolve accuracy of SWC measured from aircraft by the PALS instrument (the passive active L-band sensor was developed at the Jet Propulsion Lab, California Institute of Technology specifically to measure surface brightness temperatures at 1.4 Gz as reported in Manns et al. (2015) ).
A soil core with volume of 80 cm 3 (4.7 cm diameter × 4.6 cm depth) was taken at a single site on each field on each of 16 sampling dates . Following oven drying at 105°C for a minimum of 24 h to determine gravimetric SWC, the cores were saved for measurement of bulk density, particle size distribution, and SOC as detailed in . A selection of dried cores from all fields on four sampling dates was further ground to 0.5 mm and processed by loss on ignition in a muffle furnace at 375°C for 16 h to evaluate the mass loss of organic matter. It has been established that organic carbon but not inorganic carbon combusts at temperatures up to 375°C (Wang et al. 2011 ) and a random selection of 20 samples on an automated analyzer confirmed the accuracy of the measurement.
Regression equations to establish the relationship of SOC to SWC over all 50 fields of SMAPVEX12 were derived for the average of all 16 sampling dates and also for three wetness ranges [(mean ± SD); dry (0.185 ± 0.066 m 3 m −3 ), drying (0.272 ± 0.04 m 3 m −3 ), and wet (0.337 ± 0.037 m 3 m −3 )] as in . Soil variables are often highly correlated (Edwards 1985; Campbell et al. 1997; , with the result that in application of leastsquares means linear regression, the soil factors also display variance inflation from multicollinearity that can result in unreliable regression coefficients (Aguinis and Gottfredson 2010).
When applying partial least-squares regression (PLS) to assess the unique variability of each factor apart from the variability all soil factors have in common, a major portion of variability in soil becomes a communal variance among soil texture, BD, SOC, and averaged SWC. Both least-squares regression and partial least-squares regression were applied to determine the optimum regression equation for average SWC from soil physical variables in SAS 9.2 (SAS Institute Inc., Cary, NC). The distribution of soil physical variables in the SWC regression was evaluated with SWC averaged over 16 sampling dates and over specifically wet, drying, and dry sampling times.
Principal component analysis (PCA) was also applied to the soil physical variables and SWC average of all 16 sampling dates as well as for the three SWC ranges for all 50 fields of SMAPVEX12 using PROC factor in SAS. PCA separates multiple correlated variables into separate unrelated factors. Each factor contains all variables with detail on the proportion of each variable contributing to each factor. The PCA would thus identify where soil variables are contributing to independent factors on SWC and, inversely, where they are representing the same variability in soil.
The distance (range) over which samples do not vary significantly with respect to a specific variable (Nielsen and Wendroth 2003) was determined by variogram analysis in R ® . In the geostatistical program, all sampling points in each of the 50 fields over the ∼400 km 2 SMAPVEX12 area were assessed with regard to direction of the Pembina moraine (∼20 m elevation) which divides the clay soils in the east from the sandier soils in the west ). The optimum omnidirectional variogram was NE or 45°, where the range was most uniform in the perpendicular direction in both clay and sand soils. The range is thus a composite for all soils in the study area.
Elora research centre
A 2.7 ha site at the Elora Research Station (43°39′N, 80°25′W) Elora, ON, Canada, on Guelph series silt loam soil (Gray-Brown Luvisol) was sampled at over 200 points in November 1999. Soil textural analysis was on average 29% sand, 54% silt, and 17% clay with 3.3% organic carbon at the Elora Research Station (Meyer Aurich et al. 2006) . SWC was recorded from soil core samples at sites spaced at 15 m and measured at four depths; 15, 30, 45, and 60 cm. Soil physical variables from the surface 15 cm of the Elora field were analyzed with correlation and simple linear regression. Geostatistical analysis in R was also used to detect significant semivariance patterns in SOC, average SWC, and their cross semivariogram. While SWC has been presented in volumetric units and SOC in mass (g kg −1 ) throughout this paper, SWC and SOC were converted to % volume and % mass, respectively, to obtain a cross semivariance in the common unit of % 2 .
Results
Correlations and regressions
In the SMAPVEX12 data, there was strong correlation as expressed by significant Pearson's correlation coefficients (P < 0.001 between all variables) among sand, clay, SOC, BD, and average SWC in all 50 fields over 16 sampling dates (Table 1) , as previously published in . The correlation of each soil variable to average SWC over all 50 fields at each sampling date was similar among all soil indices when the Pearson correlation (r value) was plotted by average SWC (Fig. 1) . Although temporal variation directly following rainfall would be expected to reduce the correlation, sampling was not undertaken during rainfall, so even with abundant rain, the soils had time to at least partially equilibrate to gravity drainage (considered ∼48 h in Cassel and Nielsen (1986) ). The reduced correlation evident at mid moisture in Fig. 1 may relate to increased variability from changes in evapotranspiration during mature stages of plant growth. The relationship between SOC and field-mean SWC was linear and the single regression (SWC = 0.0062 × SOC + 0.062) applied equally to all three major soil textural classes when averaged over all sampling times (Fig. 2) and during wet, drying, and dry soil conditions (Fig. 3) . The trend relationship (slope of the regression line) between average SWC and SOC was uniform in wet and drying ranges while there was a significant (P < 0.001 by paired t test) decrease in slope between drying and very dry soil (Fig. 3) .
In the Elora data, where soils were sampled on an intensive scale in a single soil type (silt loam) and in wet conditions, there was also a significant regression between SWC and SOC (SWC = 0.0052 × SOC) in soils with low SOC from 12 to 25 g kg −1 (R 2 = 0.34, P < 0.001, n = 63) (Fig. 4) . In soil with higher SOC from 25 to 50 g kg −1 (R 2 = 0.76, P < 0.001, n = 53), the slope of the regression (0.0045) was significantly less (P ∼ 0.03 by t test); however, the R 2 was increased, suggesting a stronger correlation with increased SOC. The Elora data fit within the range of SMAPVEX12 data for loam soils in the "wet" range with similar slope of SWC in relation to SOC (Fig. 4) .
Partial least-squares analysis
The total model sum of squares (SS) and error SS explained by the regression is constant for the specific variables entered into a regression. Linear regressions were initially run with least-squares means (Type I SS) between all SMAPVEX12 variables to explain the maximum variability in SWC (Table 2) . Variance inflation occurred when sand and clay were entered together into the regression equation for SWC at all wetness ranges (VIF of 14-15) and with sand, clay, and SOC together (VIF of 20) as reported in . The PLS (Type II SS) separates the model variability into a . Linear regression of soil water content (SWC) to soil organic carbon by SWC range in SMAPVEX12 fields, n = 50. All regressions are significant (P < 0.001). There is no difference in the regression slope between SWCwet and SWCdrying by t test. common variability that is not shown specifically in the statistical output and the remaining variability (Model SS-Common SS) is divided into a sum of squares attributed to each uncorrelated variable (thus, VIF <2 for all variables together). The PLS analysis by soil physical variables is presented for comparison to LSM analysis (Type I SS) in Table 2 .
The pie charts shown in Fig. 5 demonstrate the variability expressed by all soil variables in the regression to be around 92% (80% of model SS of 87%) for SWC averaged over all 16 dates, followed by the PLS amounts for each individual variable (Fig. 5a) . The relative proportions of sand, clay, SOC, and BD differ in PLS compared with the standard least-squares means regression, where sand and clay are dominant at all times (Table 2) . In wet conditions, the PLS is also dominated by sand. However, in dry conditions, the proportion of variability represented by SOC is greater than sand as detailed in . Note that the proportion of unique variability attributable to each variable is very small relative to the total model variability (SS) of the regression (<7%). The PLS of SOC as a percentage of model variability increased from 0.95% in wet condition (Fig. 5b) to 2.88% in dry conditions (Fig. 5d) , while the corresponding PLS percentage of sand decreased from 2.25% to 1.74% going from wet ( Fig. 5b) to dry (Fig. 5d ) SWC. The total amount of variability explained by the model also decreased in dry conditions (Fig. 5d) , as the variability in SWC increases and contributes to higher error SS.
Principal component analysis
All soil variables and SWC ranges represented a single principal component accounting for 87% of the total variability in the PCA (Table 3 ). An additional 4% of total variability could be explained by adding a second PCA factor unique to SWC in dry conditions (Table 3 ). All soil variables were included in a single factor model where a similar proportion of variability was represented by all soil variables, with the highest representation by sand and wet SWC and lowest representation by BD and dry SWC (Table 3) .
Geostatistics
Semivariograms define the distance over which a specific autocorrelation function applies (range), where the semivariance no longer increases (sill) after discounting sampling error or smaller scale variability (nugget) (Nielsen and Wendroth 2003) . The geostatistical analysis computed the cross correlation of SOC and SWC (Fig. 6 ) with a range of 5000 m between sampling sites, a nugget of 1.04% 2 and a sill of 13.86% 2 in wet conditions (Table 4) . A distinct Gaussian model was applicable where SWC was averaged over all wetness conditions. The Elora soils, which represented an intensive scale variability between SOC and SWC in wet conditions, exhibited a much smaller range of 120 m that did not reach a distinct sill in the cross variogram with the best-fit model, which was a Gaussian function with a nugget around 0.11% 2 (Table 4 ; Fig. 7) . A temporary sill was visible around 55 m in the Elora semivariograms (Fig. 7) representing smaller scale variability possibly due to the small sampling grid or heterogeneous soil characteristics.
At both sites, despite significantly different ranges due to different scales of measurements, a significant cross correlation between SOC and average SWC existed in wet conditions.
Discussion
Data from multiple fields, locations, and types of analysis were considered to understand the relationship among the soil variables and the linkage between SOC and average SWC in particular. In the SMAPVEX12 ground sampling data covering 50 agricultural fields and 3 soil textural classes in relatively homogeneous topography and cropping systems, uniformity in correlation coefficients existed among all soil variables and over all wetness ranges (Fig. 1) . SOC, BD, texture (sand and clay), and SWC averaged over all sampling dates and fields, displayed similar amounts of variability in factor 1 of the PCA (Table 3) , in correlation (Table 1) , and in PLS regression ( Table 2 ). Variability that was common to all soil variables in the regression explained 80% of the total regression SS in mean SWC of 50 fields when averaged over all 16 sampling dates ( Fig. 5a ): 61% in dry conditions (Fig. 5b ) and up to 82% in wet conditions (Fig. 5d) . Only a total of 5%-7% of the PLS regression variability was explained as unique to each individual variable. To date, efforts to determine soil factors related to SWC variability have focused on isolating the separate variability attributable to each soil variable (e.g., Kim and Barros 2002; Jawson and Nieman 2007; Joshi and Mohanty 2010) , their effect on surface SWC with relation to distance (Kim and Stricker 1996) and the relative influence of each variable with levels of wetness Joshi and Mohanty 2010) .
In SMAPVEX12, SWC related to SOC as a single linear regression relationship throughout all soil textural classes (SWC = 0.0062 × SOC) (Fig. 2) . The regression of SWC to SOC in silt loam soils in Elora displayed a very similar linear trend in the 0.2-0.3 m 3 m −3 SWC range as in the SMAPVEX12 data over the wet SWC range from 0.10 to 0.35 m 3 m −3 . The amount of water held in soil appears strongly dependent on the amount of SOC in the surface of agricultural soils at the time of sampling from the strength of correlation of soil variables in both SMAPVEX12 (Table 1) and Elora ( Table 2) .
The regression equations are supported by the significant coregionalized (isotropic) cross variogram between SOC and SWC, where SOC and average SWC represented similar variability in soil over 120 m representing small-scale soil variability at Elora and also in large-scale variability (5 km) observed during SMAPVEX12 (Table 4 ; Fig. 7 ). The range of 5 km may reflect the low interfield variability in SWC over level croplands (standard deviation = 0.08 m 3 m −3 over all fields and sampling times over a ∼400 km 2 area). The existence of coregionalized cross variograms at multiple scales supports the studies by Hudson (1994) and Rawls et al. (2003) who found a relationship between SOC and SWC which was attributed to increased water holding capacity with SOM in field study data from agricultural soils across the USA. The SOM model structure devised from developments in 13 C magnetic resonance imaging and computer modeling suggested that the actual composition of a SOM molecule is not random; there are specific molecules that bind together and in specific formations (Schulten and Schnitzer 1997) . Further support for a specific structural arrangement of ions and particles comes from the cosmic-ray soil moisture observing system (COSMOS) neutron probe (Zreda et al. 2008) . COSMOS measures SWC from the hydrogen (H) ion intensity in soil. In the calibration of the equipment, soil factors were taken into consideration. SOC was a significant factor in the H ion measurement. In particular, the SOC measured as % g, occurred in a constant 1:1 ratio to water molecules within the SOM matrix (Zreda et al. 2008) . A constant and ordered pattern of SOM composition would support the field measurement data which exhibited a sustained correlation between SOC and average SWC over multiple fields and locations as demonstrated in the SMAPVEX12 and Elora data. SOM molecule function over time could explain the existence of a common functional unit among the soil variables that appears an inherent characteristic of agricultural soil when viewed as an average over time.
The effect of SOM on the high correlation of the soil variables is hypothesized here to be derived from pore size and characteristics. Pore space has been viewed as the major influence of SOC on soil affecting SWC (Rawls et al. 2003; Pollacco 2008) . Hydrophilic tendencies maintain a water film within aggregate complexes and thus contribute to transmission of water and promote increased wetting. The pore space in soil is also modified by the SOC composition; the hydrophobicity of some elements of SOC act to selectively block soil pores (Schulten and Schnitzer 1997; Bachmann et al. 2008) . From the orientation of carbon molecules, small changes in SOC within aggregates can alter the flow of water between and within molecules. It is also within the smallest matrix pores (0.5-50 μm) following drainage of larger pores that SOC is related foremost to SWC in agricultural fields (Tarawally et al. 2004 ). An association of water retention to SOC has also been noted in the smallest size pores within aggregates by Hallett et al. (2009) and specifically in matrix pores from 0.2 to 30 μm (White 2006; Reynolds et al. 2014) , further supporting an ordered association of average SWC to SOC.
Soil texture is a strong influence on the equilibrium level of SOM as well. Stockman et al. (2013) predicted levels of potential and achievable SOC increase in global soils over a range of soil texture based on a ratio; SOC increased in proportion to the soil texture by 1.5× clay to 0.8× sand (Hassink 1997) . The increase in SOC of almost double in clay compared with sand, reflects the greater amount of SOC required to maintain the same water and nutrients for plants in sand compared with clay (Stockman et al. 2013 ). Soil texture is therefore conceivably a strong influence on the range of SOC in soils which may be instrumental in completing the longer term feedback processes as demonstrated in the perceptual model (Fig. 8) . The longer term feedback could account for the high and consistent correlation of SOC, average SWC, and soil texture found when averaged over a range of wetness over time and with various soils in SMAPVEX12 data (Fig. 2) .
Larger and more complex aggregates, as viewed by Schulten and Schnitzer (1997) , support the argument of larger aggregates having greater surface area and thus greater porosity (Baldock and Skjemstad 2000) , resulting in improved water bonding and water retention ability (Kay et al. 1997) . Larger and more stable aggregates from increased SOM respond to management with slower mineralization compared with decomposition, as enzymes are less effective in complex SOM structures (Kemmitt et al. 2008) . Although greater water-filled pore space has previously been associated with higher rates of carbon mineralization in eroded soils (Franzluebbers 1999) , the effect of higher rates of SOC on hydrophobicity, diversity, and complexity in structure may have potential to stabilize aggregates as well. A more recent perspective of SOM by Schmidt et al. (2011) refutes an effect of singular influences on SOC retention; decomposition has greater probability as an overriding force resulting from physicochemical and biological factors, which would include recalcitrance, chemical structures, mineral interactions, and rainfall (ecosystem factors). The interaction of variables may thus limit SOC change in soils for improving resilience in the face of weather extremes (Houser and Pitt 2008) . The level of SOM (2.3%) mentioned by Reynolds et al. (2014) to be a minimum range for sustainable soil productivity in the tested soil may relate to the level of complexity and thus stability that is not easily affected by short-term fluctuations in wetness and tillage.
This study proposes that a variability common to the major soil variables studied here represents a union of soil factors that function together to such an extent that they represent the same variability in soil as evidenced in the SMAPVEX12 PCA. In wet conditions, none of the soil variables were independent. While measurement of soil pores may accurately represent this phenomenon, SOC is a relatively easy to measure variable that can represent the feedback activity from active management changes in the surface of agricultural soils. SOM may therefore be viewed as representing the variability of soil which relates directly to the other hydrological and physical components, particularly in regard to available SWC averaged over time at field scale.
Conclusion
This analysis suggests that SOC, average SWC, sand, clay, and BD are highly correlated in agricultural surface soils. Support for the concept of a common variability in soils is demonstrated by correlation and multiple regression, PLS, PCA, and geostatistical cross-variogram analysis over 50 fields of SMAPVEX12. The data from a single field in wet soil conditions found comparable regression and cross-variogram existence in Elora, Ontario. SOM is illustrated as an active component in the correlation of soil physical variables where SOC within organic molecules alters the wettability of the soil surface, affecting both SWC retained and SOM mineralized. We have suggested a simplistic perceptual representation of a feedback process that could account for a constant relationship between the soil variables when evaluated over a range of wetting and drying time at field scale. Development of this concept of SOC as a significant control on the ability of soil to maintain SWC would be helpful in understanding and predicting SWC and its variability over agricultural fields and to improve net SOC retention in the soil.
